Residual feed intake (RFI) is a measure of the efficiency of animals in feed utilization. The accuracies of GEBV for RFI could be improved by increasing the size of the reference population. Combining RFI records of different breeds is a way to do that. The aims of this study were to 1) develop a method for calculating GEBV in a multibreed population and 2) improve the accuracies of GEBV by using SNP associated with RFI. An alternative method for calculating accuracies of GEBV using genomic BLUP (GBLUP) equations is also described and compared to cross-validation tests. The dataset included RFI records and 606,096 SNP genotypes for 5,614 Bos taurus animals including 842 Holstein heifers and 2,009 Australian and 2,763 Canadian beef cattle.
INTRODUCTION
One way to increase the overall profitability of cattle is by reducing feed costs, which is why selection for feed efficiency is an important selection objective. In addition to on-farm benefits, there are additional reasons why selecting for feed efficiency may be desirable, including the environmental impact of livestock as increased feed efficiency is associated with a reduction in methane emissions and decrease of manure production (Hegarty et al., 2007) .
Residual feed intake (RFI), which is sometimes referred to as net feed intake, is the difference between actual DMI and predicted DMI required for maintenance, growth, milk, or other production traits. So animals with negative RFI are more efficient (Koch et al., 1963; Archer et al., 1999) .
Genomic selection using dense marker information and phenotypes available in a reference population to formulate genomic predictions makes selection for RFI feasible in animals that are genotyped but do not have phenotypic data (Meuwissen et al., 2001 ). However, the high cost of RFI measurement usually results in a small reference population and hence low accuracy of GEBV. Combining information from different breeds is a potential way to increase the size of the reference population and improve the accuracies of GEBV. However, unfortunately, only a small improvement in accuracy has been reported in studies that have used multibreed reference populations Erbe et al., 2012; Bolormaa et al., 2013) .
The main aims of this research are to find methods to increase the accuracy of GEBV for RFI by using a multibreed reference population and to determine if the accuracy can be calculated from the genomic BLUP (GBLUP) equations without cross-validation. In this paper we describe a method for calculating accuracy from the GBLUP equations and show that it predicts the empirical accuracy obtained by cross-validation.
MATERIAL AND METHODS

Phenotype Data
Residual feed intake records of 5,614 Bos taurus animals were collected and included 842 Holstein heifers, 2,009 beef cattle from Australia, and 2,763 Canadian beef cattle. The calculation of RFI phenotypes and consequently genomic predictions of RFI using 2 of these datasets have been previously described by Pryce et al. (2012; Holstein heifers) and Bolormaa et al. (2013;  Australian beef cattle). The Australian beef cattle data included RFI records from cattle of the following breeds: 1,134 Angus, 217 Hereford, 79 Murray Grey, and 579 Shorthorn (Bolormaa et al., 2013) . The RFI records for dairy cattle were of 842 Australian Holstein heifers measured at about 6 mo of age (Pryce et al., 2012) . The Canadian beef cattle RFI phenotypes consisted of 534 Angus, 384 Charolais (Mao et al., 2013; Chen et al., 2013) Abo-Ismail, 2011; Lu et al., 2012) . The Holstein heifers and 820 Angus cattle from the New South Wales Department of Primary Industry's Research Centre at Trangie, NSW, Australia, were fed an alfalfa pelleted diet and measured at about 9 mo of age, while the other cattle were fed a finishing feedlot diet and measured at older ages (between 10 and 18 mo of age). To remove unexpected outcomes arising from differences in phenotypic variances between the different datasets, the RFI records were adjusted in each dataset to have the same variance equal to 1.
Genotype Data
The SNP genotype data for Australian cattle was obtained from Bolormaa et al. (2013) and Pryce et al. (2012) and the Canadian SNP data and RFI records were from Abo-Ismail (2011), Lu et al. (2012) , and . The Holstein heifers were genotyped with the Illumina HD Bovine SNP chip (800K; Illumina Inc., San Diego, CA); following quality control, 624,930 SNP were available for use (Pryce et al., 2012) . For beef cattle the SNP data was combined either directly from the high density (HD) chip (following editing) or imputed from lower density SNP chips (IlluminaSNP7K, Affymetrix ParalleleSNP10K [Affymetrix, Santa Clara, CA], and Illumina BovineSNP50K) to HD (800K) using BEAGLE software (Browning and Browning, 2009 ). The beef cattle genotyped at HD were the reference population for imputation from low density to HD of the other beef cattle genotypes. A full description of the imputation in beef is presented by Bolormaa et al. (2013) ; 729,068 SNP passed quality control. For both dairy and beef datasets, similar quality control procedures were applied including having an Illumina GenTrain score of greater than 0.6, having rare minor allele frequencies higher than 0.5%, and eliminating SNP with extreme deviation from Hardy-Weinberg equilibrium (P < 10 -5 ) in autosomal chromosomes with no heterozygous but both homozygous genotypes observed (Bolormaa et al., 2013) . In this study, the common SNP from the Australian beef, Australian dairy, and Canadian beef datasets (606,096 SNP) were used to generate the genomic relationship matrix (GRM) and was used later in the genomic evaluations. The GRM was calculated using the method of Yang et al. (2010) , which is equivalent to a model in which the genotypes are standardized so that the mean genotype for each SNP is 0 and the variance is 1.
Statistical Analysis
Heritability Estimation. The heritability of RFI was estimated using ASReml 3.0 (Gilmour et al., 2009) for Holstein heifers, Australian beef cattle, and Canadian beef cattle separately and for a combined dataset using the statistical model shown below:
in which y is the vector of phenotypic values (i.e., RFI records); X and S are the design matrices relating phenotypes to their corresponding fixed effects and random effects (polygenic effects), respectively; and b is the vector of fixed effects including dataset (study from which data was sourced), herd, feed management group before and on trial, contemporary group, sex, and age. The contemporary group in the Australian beef cattle dataset was defined as animals of the same sex that were born within the same year and reared for a similar market (Japanese, Korean, or Australian market), a is the vector of breeding values ~ N(0,Aσ 2 g ) when pedigree information was used to construct the relationship matrix (A), and e is the vector of random residual effects.
General and Breed-Specific Genomic Relationship Matrices. The SNP effects in a multibreed population can be estimated as the overall and the within-breed SNP effects by y = Xb + Z 1 u 1 + Z 2 u 2 + Sa + e, [2] in which X, S, b, a, and e are as described in Eq.
[1]; Z 1 and Z 2 are design matrices connecting phenotypes to their corresponding SNP effects, so they are matrices containing the allele counts of each SNP per animal corrected for allele frequencies in the current dataset (i.e., for genotype w ij of animal i and SNP j that has allele frequency p j ,
); u 1 is the overall SNP effects ~ N(0,Iσ 2 SNP ); and u 2 is the SNP effects within breed ~ N(0, Iσ 2 SNP × breed ). To fit this model, an equivalent model (Eq. [3]) was used: y = Xb + Qg 1 + Qg 2 + Sa + e, [3] in which Z 1 u 1 and Z 2 u 2 were replaced with Qg 1 and Qg 2 , respectively. The vectors g 1 ~ N(0, Z 1 Z 1 ′σ 2 SNP ) and g 2 ~ N(0, Z 2 Z 2 ′σ 2 SNP × breed ) contain overall and within-breed GEBV; Z 1 Z 1 ′ is the overall GRM in which genomic relationships between animals are included; and Z 2 Z 2 ′ is the GRM within breed, in which all relationships between animals in different breeds are 0, indicating that there is no relationship between them. The design matrices were not included in the matrix notation in later equations for ease of reading.
Therefore, to examine the effect of relationships between breeds, 2 types of GRM (overall GRM and withinbreed GRM) were fitted to the model. Statistical models that included the fixed effects and either or both GRM were tested to find the best fitting model. Furthermore, whether adding the pedigree relationship matrix as a polygenic term improves the log likelihood was also tested.
As well as the conventional definition of breed, alternative groupings of breeds were investigated. The Murray Grey and non-Trangie Australian Angus were grouped together into a group called "superbreed1," because of the small number of Murray Grey animals in this study and the genetic similarity of Murray Grey to Australian Angus (Bolormaa et al., 2013 ; also considered Murray Grey and Australian Angus as a single breed). The Holsteins and the Angus cattle from the Trangie experiment were grouped together into a group called "superbreed2" because they were fed a similar diet (pellets and alfalfa cubes) and measured for RFI at an early age (around 6 to 9 mo old), and the older animals (>1 yr old) were grouped together to make "superbreed3." These superbreeds were used to construct different types of within-breed GRM (GRM 1b , GRM 1c , and GRM 1d ) from the overall GRM (GRM a ) as shown in Fig. 1 .
To compare the goodness-of-fit of different models (i.e., models with different random terms), the log of likelihood (logL) of the models were used. To test the significance of a change in logL between 2 nested models, 2 times the difference in logL was compared to its expectation under the null model, which is a mixture of a chi-squared distribution with 1 degree of freedom and 0. Therefore, the χ 2
(1) at P = 0.1 is the critical value for the observed test statistic to be in the top 0.05 of the null distribution.
Evaluation of Genomic EBV Accuracies. To calculate the accuracies of GEBV, 2 methods were used. First, empirical accuracies were calculated using a 5-fold cross-validation strategy similar to that of Bolormaa et al. (2013) . The dataset was divided into 5 subsets; 4 of the subsets were used as a reference population and the fifth subset was used as a validation sample. The animals in the 5 subsets were selected randomly except paternal half-sibs were always placed in the same subset. Moreover, all of the Trangie Angus cattle were always grouped with the reference population because they were selected for RFI to establish efficient and inefficient lines (Arthur et al., 2001) . Then, the GEBV of validation animals, whose phenotypes were not included in the analysis, were estimated by GBLUP. The 3 random terms, g 1 , g 2 , and a, in Eq.
[3] resulted in 3 breeding values for each animal. To aggregate the first 2 breeding values, the overall GRM and the within-breed GRM were combined and used to fit model [4] (below), where a and e are as described in Eq. 
In each validation group, the correlation between GEBV and adjusted phenotypes for the fixed effects were calculated using ASReml 3.0 (Gilmour et al., 2009) and using 2 models, where a linear regression of GEBV was either fitted (y = Xb + βGEBV + e) or not (y = Xb + e). In both of the models, all fixed effects were included. The decrease in residual variance as a result of fitting GEBV in the model was then used in Eq.
[5] (below) Figure 1 . a) The overall genomic relationship matrix (GRM; GRM a ) calculated with all SNP: All animals have genomic relationships with each other. b) The within-breed GRM 1b : The Murray Grey and non-Trangie Australian Angus are grouped together (superbreed1) because the small number of Murray Grey animals in this study and genetic similarity of Murray Grey to the Angus breed. c) The within-breed GRM 1c : In addition to superbreed1, the Trangie Angus cattle are separated from other Australian Angus cattle and grouped with Holstein heifers (superbreed2) as they are of similar age at residual feed intake measurements and were fed similar diets. d) The within-breed GRM 1d : In addition to grouping the younger animals in superbreed2, the older animals (>1 yr old) are grouped together to make "superbreed3." The GRM matrices are set to 0 in the white colored squares. DD = Holstein heifers; Australian beef cattle: TT = Trangie Angus, NT = non-Trangie Australian Angus, MG = Murray Grey, HH = Hereford, and SS = Shorthorn; Canadian beef cattle: AA = Angus, CC = Charolais, and XX = mixed synthetic breed.
to calculate the correlation between GEBV and phenotypes adjusted for fixed effects (r GEBV,Adjusted_pheno-types ). This approach was used for each breed and the correlation reported was a weighted average, where the weight was the number of animals in each breed, to form the overall correlation.
in which σ 2 e1 , σ 2 e2 , ddf 1 , and ddf 2 are the residual variances and denominator degrees of freedom when the model included or excluded the linear regression of GEBV on RFI, respectively.
The correlation between GEBV and phenotypes adjusted for fixed effects in the validation population (adjusted_phenotypes) divided by the square root of estimated heritability is defined as the empirical accuracy of estimated breeding values in each validation population, that is, Eq. [6] (Pryce et al., 2012; Bolormaa et al., 2013) . Following Pryce et al. (2012) and Bolormaa et al. (2013) , the estimated h 2 Pedigree was calculated using data on all of the animals and using their pedigree information for defining their relationships.
The approximate SE for the estimated empirical accuracy was calculated using Eq. [7] , in which N is the number of animals in the validation population and h 2
Pedigree is the heritability of RFI.
Theoretical Accuracy. The accuracy of EBV is usually calculated from the diagonal elements of the inverse of the BLUP or mixed model equations. In the model used here, the accuracy of GEBV is calculated relative to a base population from which the breeds were descended. However, the accuracy of GEBV within a breed is useful to know and this is what was estimated using the empirical accuracies described above. We calculate theoretical accuracies within breed in the following manner. For each of the 8 breeds included in the validation dataset, an extra "pseudo" animal was added to the GRM. The relationship of the pseudo-animals of breed i with any other animal of breed j is the average relationship between all animals of breed i with all animals of breed j. If j = i, the average excludes diagonal elements of the GRM. The average diagonal element of all animals of breed i was used as diagonal elements of the GRM for pseudo-animals of breed i. After including the pseudo-animals in the analysis, the prediction error variance (PEV) of each pseudo-animal (PEV Pseudo_ani-mal ) and the average PEV for the animals of the same breed in the validation group (PEV Average ) were used to calculate the theoretical accuracy (Eq. [8] ). Finally, the overall accuracy was calculated as the weighted mean of the accuracies of each breed, where the weight was the number of animals in each breed and validation group.
Theoretical accuracy
When there was more than 1 random effect, that is, a and g 1+2 , in the model (Eq. [4]), the PEV Aggregated for all animals including the pseudo-animals was calculated by summing the PEV for each term, that is, PEV Aggregated = PEV g1+g2 + PEV a .
[ 9 ]
This ignores any prediction error covariance between g 1+2 and a because the variance of a is small and estimation errors in g 1+2 and a are likely to be nearly independent. We also assumed that the pseudo-animals had no pedigree-based relationship with other animals. The theoretical and empirical accuracies were compared to determine if PEV of GBLUP equations could be used for estimating GEBV accuracies. The justification for the calculation of the proposed theoretical accuracy is available in Appendix I.
Genomewide Association Study. The GBLUP method of calculating GEBV described assumes that all SNP contribute equally to variation in RFI. It may be possible to increase the accuracy of GEBV by identifying SNP with a greater effect on the phenotype compared with other SNP and giving them more weight in the GRM. To test this, a genomewide association study (GWAS) was conducted using the beef cattle data to find the association of each SNP with RFI using a model where 1 SNP was included at a time in addition to the fixed effects and polygenic effects described in Eq.
[1]. The number of Holstein cattle were much less than the number of beef cattle and therefore we did not test whether SNP selected using GWAS in Holstein can improve the prediction accuracy of any of the beef breeds. In an analysis of Holstein data only, the SNP that were significantly (P < 0.01 or P < 0.001) associated with RFI in the beef cattle GWAS were used to make a new GRM and this was used to calculate GEBV for Holstein. The model used was y = Xb + g 1 * + g 3 * + a + e, [10] in which X, b, a, and e are similar to Eq.
[1] but contain the Holstein information only; g 1 * ~ N(0, Z 1 Z 1 ′ σ 2 SNP ) and g 3 * ~ N(0, Z 2 Z 2 ′ σ 2 Sig_SNP ); Z 1 Z 1 ′ is the GRM for Holstein cattle constructed with all SNP (GRM All_SNP ); and Z 2 Z 2 ′ is the GRM generated by significant SNP according to beef cattle GWAS analysis (GRM Sig_SNP ).
Multibreed Genomic Selection with Genomic Relationship Matrix Constructed by Subset of SNP. To use significant SNP as shown in Eq.
[10] in a multibreed population, the significant SNP (P < 0.001, which resulted in a higher logL than P < 0.01 in model 10) from the beef cattle GWAS analysis were used to construct a GRM including both dairy and beef cattle. Then, the variance explained by GRM All_SNP (σ 2 All_SNP ) and GRM Sig_SNP (σ 2 Sig_SNP ), the results of model 10 were used to aggregate the 2 GRM (GRM a and GRM 2b in Fig. 2 ), using Eq.
[11], to make a single GRM (GRM 2c in Fig. 2 ):
[11]
In the next step using the best fitting model in Table 5 with the highest LogL, the best within-breed GRM, was used to either keep or remove the relationship between animals of different breeds. Since the overall GRM was used in aggregating GRM 2a and GRM 2b , the final model (Eq. [12]) only considered this within-breed aggregate GRM, rather than multiple GRM. The best within-breed aggregate GRM was to combine data from the Trangie Angus cattle with the Holstein heifers to make a superbreed. Therefore, the relationships between Holstein heifers and Trangie Angus were kept in the GRM 2d , while the relationships between Holstein heifers and other beef breeds were assigned to 0 (Fig. 2) .
The accuracies of GEBV were only estimated for Holstein heifers because the beef cattle data had previously been used to find the SNP that were significantly associated with RFI. In brief, the SNP that affected RFI significantly (P < 0.001) were selected by GWAS applied to only beef data. These SNP were used to define the within-breed GRM. The model used (Eq. [12]) did not include an overall GRM and in the within-breed GRM (GRM 2d ), the relationship between Trangie Angus cattle and Holstein heifers was the only across-breed relationship. Hence, the only animals used in this model to increase the accuracy of GEBV for RFI in Holstein heifers were the Trangie Angus cattle. y = Xb + g GRM2d + a + e, [12] in which X, b, a, and e are as described in Eq.
[1], g GRM2d ~ N(0, Z 1 Z 1 ′σ 2 All_SNP × breed + Z 2 Z 2 ′σ 2 Sig_SNP × breed ). The empirical accuracy was always assessed in a subset of Holstein heifers that were not used in the training dataset. Mapping QTL for Residual Feed Intake in the Dairy and Beef Datasets. To map QTL for beef and dairy, 2 independent GWAS for RFI were conducted in beef and dairy datasets. The statistical significance of each SNP was determined using a chi-squared test to determine if more SNP were significant in both datasets than expected by chance. In some cases, there may have been SNP in the same region that were significant, rather than exactly the same SNP. To test this, the genome was divided into 1 Mb segments. Each segment was classified as containing a significant SNP, or not, in each dataset and a chi-squared test was performed to determine whether more segments were significant in dairy and beef datasets than expected by chance.
RESULTS
Heritability Estimation
The heritabilities and variance components of RFI estimated using Eq.
[2] are shown in Table 1 . The heritability estimates of RFI in Holsteins and Australian and Canadian beef cattle were 0.25, 0.40, and 0.20, respectively. When the phenotypes within each dataset were adjusted to have a phenotypic variance of 1 and then combined together, the overall heritability was 0.30, which was used to calculate the empirical accuracy of the GEBV.
The mean and variance of relationships between animals of the same or different breeds are presented in Tables 2 and 3 . The variance of relationships is much higher within a breed than between breeds and, on average, genomic relationships of animals within the same breed were greater than relationships of animals with different breeds. The relationship between the Murray Grey breed and Australian Angus breed is higher than other between-breed relationships. The diagonal elements of the GRM (Table 3) are 1 + F, in which F is the inbreeding of the individual relative to a population made up of all the breeds sampled. As expected the average relationship within a breed is approximately twice the level of inbreeding (Bolormaa et al., 2013) . The breeds that had a smaller number of animals in the reference population (i.e., Murray Grey, Hereford, and Shorthorn) have higher diagonal elements of the GRM. This could be because of their lower contribution to average allele frequencies that were used in the GRM construction ) but could also reflect higher inbreeding in these breeds.
Finding the Best Fitting Model
The different random terms with their definitions are presented in Table 4 and the results of fitting models with different random terms are shown in Table 5 . The within-breed GRM was defined in 3 scenarios ( Fig. 1) : 1) the relationships between animals of different breeds were 0 (GRM 1b ), 2) the relationships between young animals (<1 yr old) with and older animals (>1 yr old) were 0 (GRM 1d ), and 3) the relationships between all breeds were 0, except the young animals (GRM 1c ). In all scenarios the Murray Grey and non-Trangie Australian Angus were grouped to make a superbreed.
The model with the highest logL was model [14] , which included an overall effect of each SNP (g 1 ), an effect of each SNP within breed or superbreed (g 2 ), and a polygenic effect unexplained by the SNP (a). In model [14] , the Holsteins and Trangie Angus cattle were combined into 1 superbreed. In this model the polygenic effect explained only 12% of the genetic variance and it GRM 2b : The GRM is constructed using significant SNP (P < 0.001) from the beef cattle genomewide association study analysis. c) GRM 2c : The aggregate GRM was made by combining GRM 2a and GRM 2b . d) GRM 2d : The best within-breed aggregate GRM in which the relationships between Holstein heifers and Trangie Angus were kept while the relationships between Holstein heifers and other beef breeds were assigned to 0. The GRM matrices are set to 0 in the white colored squares. DD = Holstein heifers; Australian beef cattle: TT = Trangie Angus, NT = non-Trangie Australian Angus, MG = Murray Grey, HH = Hereford, and SS = Shorthorn; Canadian beef cattle: AA = Angus, CC = Charolais, and XX = mixed synthetic breed.
was not significant because when it was dropped from the model (model [11] ), the drop in logL was only 0.6. The overall SNP effects and the within-breed or superbreed effects each explain 44% of the genetic variance and when either was dropped from the model (models [6] and [8]), the drop in logL was significant. The differences in logL between models [13], [14] , and [15] , which use different definitions of breed and superbreed, were small; so in the rest of this study, model [14] (i.e., the model with the highest logL) and model [7] (i.e., estimates of SNP effects within breed only) were used.
Genomic EBV Accuracies for Separate and Combined Datasets
The accuracies of GEBV for RFI were estimated by 2 methods with 2 models presented in Table 5 : 1) separate breed model (model [7] ) that contained 2 random terms (g 2b and a) and 2) multibreed model (model [14] ) that consisted of 3 random terms (g 1 , g 2c , and a).
Results from model [7] , in which the relationships between animals of different breeds were assigned to 0, are similar to when the breeds are analyzed separately because no information can be transferred from 1 breed to another and the variance components for RFI in different breeds were similar. Moreover, the estimated variance components might be more accurate in the multibreed prediction analyses because considerably more animals were used for estimation compared with single breed analyses, especially for breeds with a relatively small number of genotyped animals. The results of empirical and theoretical accuracies are shown in Table 6 . Across all animals, the theoretical accuracy is a good guide to the empirical accuracy. There is only a small increase in accuracy using model [14] compared with the within-breed model [7] . However, the benefit of the across-breed model [14] is greater in Murray Grey and Herefords where the number of animals in the reference population is very small.
Regression coefficients of phenotypes adjusted for the fixed effects on GEBV (b Adjusted_phenotypes,GEBV ) averaged for 5 validation datasets were 0.68 (SE = 0.17) and 0.67 (SE = 0.18) for model [7] and model [14] , respectively. The estimated regression coefficients were not significantly different from 1 (P = 0.06 and P = 0.07, respectively), and b Adjusted_phenotypes,GEBV lower than 1 is a common observation in GEBV calculation (e.g., Saatchi et al., 2011) . This can happen if any of the assumptions in the model are inaccurate, such as the estimates of all 3 variance components (phenotypic, genetic, and error variances).
Genomewide Association Study Results for Dairy and Beef Cattle
Chromosome segments of 1 Mb that contain a SNP significantly associated with RFI in dairy cattle are more likely to also have at least one significant SNP in beef 1 σ 2 P = phenotypic variance; σ 2 P * = phenotypic variance adjusted to be 1; σ 2 a *, σ 2 e *, and h 2 * = additive genetic and residual variances and heritability when σ 2 P * = 1, respectively. (Table 7a) . When individual SNP are considered instead of 1 Mb chromosome segments, it is also true that SNP that are significantly associated with RFI in dairy cattle are more likely to be significant in beef cattle than expected by chance (Table 7b ). Of the 322 SNP that are significant in both dairy and beef cattle, 182 have an effect in the same direction in dairy and beef cattle. This is only slightly more than half (P < 0.05), indicating that many SNP have effects in opposite directions in beef and dairy cattle. These results indicate that constructing a GRM for dairy cattle using SNP that are significant in beef cattle could be a useful method to use information from beef cattle to increase accuracies of GEBV in dairy cattle.
Accuracy of Genomic EBV Using a Trait-Specific Genomic Relationship Matrix
The SNP that were significant (P < 0.01 or P < 0.001) in the GWAS of beef cattle were used to construct 2 additional GRM (GRM Sig_SNP (P < 0.01) and GRM Sig_SNP (P < 0.001) ) and these were tested in the dairy cattle dataset of Holstein heifers (Table 8 ). The model with the highest logL was model [10] , which included the GRM based on significant SNP (P < 0.001), the overall GRM, and the polygenic effect. The polygenic effect was small and nonsignificant but deleting GRM Sig_SNP (P < 0.001) or GRM All_SNP (as shown in the results of models [4] and [6]; Table 8 ) caused a significant decrease in logL. Only 0.31% of SNP were significant (P < 0.001) according to the GWAS in the beef data, but they explain 25% of the genetic variance of Holstein heifers.
The empirical and theoretical average accuracies estimated by 5 cross-validations were 0.39 and 0.36, respectively, in the model with the best logL (model [10] ) in which g All_SNP , g Sig_SNP (P < 0.001) , and a were used. The estimate of b Adjusted_phenotypes,GEBV in this model was 0.79 with SE = 0.27, so the GEBV were biased downward.
Using Multibreed Dataset and
Trait-Specific Genomic Relationship Matrix
The 2 GRM constructed using all SNP and SNP that had significant associations (P < 0.001) in the beef GWAS (model [10] in Table 8 ) were aggregated to form a single GRM, g GRM2d . Fitting the random terms g GRM2d and a to the model increased the accuracy of dairy heifers to 0.43 from 0.35. The expected accuracy calculated using GBLUP equations was 0.50 and b Adjusted_phenotypes,GEBV was 1.09 with a SE of 0.39. In this model, the beef cattle were used in GWAS and the validation were the dairy cattle.
DISCUSSION
The variation in feed efficiency in cattle is partially genetic, with heritabilities of between 0.07 and 0.62 being Table 4 . Definitions of random terms used in the models
Random term
Description of covariance structure a Numerator relationship matrix in which the relationships are defined according to the recorded pedigree g 1 The genomic relationship matrix (GRM) in which all of the animals have genomic relationships g 2b The GRM in which the animals of different breeds have no relationship except Murray Grey and non-Trangie Australian Angus g 2c The GRM in which the animals of different breeds or superbreeds have no relationship and the young animals (Holstein heifers and Trangie Angus) are grouped to make a superbreed g 2d The GRM in which the animals of different superbreeds have no relationship and the young animals (Holstein heifers and Trangie Angus) are grouped to make 1 superbreed and all other animals are combined to make a second superbreed Table 3 . Average and variance of genomic relationships of animals with themselves (diagonal elements of the genomic relationship matrix [GRM] ) and other animals (off-diagonal elements of GRM) in each breed typical (Berry and Crowley, 2013) , making it possible to select superior animals to improve feed efficiency in the next generations (Arthur et al., 2001; Herd et al., 2003) . However, measuring RFI is expensive and requires special equipment to obtain accurate DMI records and this prevents its routine use as a selection criterion for cattle.
As there have been several experiments in beef and dairy cattle breeds to calculate the accuracy of genomic prediction of RFI (see Pryce et al., 2014b , for a review), it is logical to test whether combining data from several breeds can improve the accuracy of genomic prediction for this trait.
The phenotypic variance of RFI in beef cattle datasets was more than in Holstein heifers. The main reason for this difference is the effect of scaling, because
Holstein heifers were around 6 to 9 mo of age and ate less than the other cattle included in this study (that were between 10 and 18 mo of age, excluding Trangie Angus cattle). In this study, the estimated heritability of RFI in Holstein heifers (0.25) was close to previously estimated in a similar dataset (0.22; Pryce et al., 2012 Pryce et al., , 2014a and other similar studies (Korver et al., 1991) . Published heritability estimates of RFI in beef cattle datasets range between 0.14 and 0.68 (Pryce et al., 2014b) . The estimated heritability for RFI in Australian beef cattle was higher than the other 2 groups. The heritability could have been moderately inflated because selection lines are likely to inflate the heritability (Ødegård and Meuwissen, 2012) and there were Trangie Angus cattle in our study that Table 5 . Application of different random terms in the model fitted to residual feed intake in beef and dairy cattle to find the best one based on goodness of fit (highest log of likelihood) a-h Nested models without a common superscript are significantly different (P < 0.05). 1 σ 2 g1 = genetic variance explained by overall GRM (g 1 ); σ 2 g2 = genetic variance explained by within-breed GRM (g 2 ); σ 2 polygenic = polygenic variance; σ 2 e = residual variance.
2 Descriptions of random terms are given in Table 4 . were from lines selected for high and low RFI. Selection has created differences between the high and low RFI lines and this exacerbates the genetic variance when the 2 lines are considered as a single population.
The breeding values for RFI may be influenced by diet, for example, ad libitum feeding (Herd et al., 2005; Williams et al., 2011) , the type of diet fed (Johnston et al., 2009) , and the age of the animals at measurement. Among the animals in this study, most were fed a feedlot diet but some were fed a pelleted ration. Therefore, we consider this when combining groups of animals and estimating SNP effects for the group. Moreover, the apparent effect of a SNP on a trait will only be consistent across breeds if the phase of low density between the SNP and mutations that cause variation in the trait is consistent across breeds. This consistency is expected if the distance between adjacent markers is less than 10 kb on average in the whole genome (de Roos et al., 2008 (de Roos et al., , 2009 ). In a low density SNP chip, such as Illumina BovineSNP50K, the average distance between SNP is around 60 kb, but it is less than 5 kb in the currently available Illumina HD Bovine SNP chip (800K). This makes the HD Bovine or 800K SNP chip data useful for this study.
A common method to estimate the accuracy of GEBV has been to put aside a proportion of the population (a validation group) and not include them in the estimation of SNP effects. Then, the estimated SNP effects are used to calculate GEBV for the excluded animals, which are then correlated with their phenotypic records. This is often repeated in different subpopulations so that the accuracy published is a result of cross-validation. However, this method has several disadvantages. For instance, accuracies are not available for each individual animal. Therefore, the accuracy of GEBV is a reflection of the validation set rather than the selection candidates that do not have phenotypes for RFI. Therefore, selecting the animals to use in the validation population is another challenge for this method (Saatchi et al., 2011) . When conventional BLUP is used to Table 7 . The number of 1 Mb chromosome segments that contain SNP significantly associated with residual feed intake (RFI) and the total number of the significant SNP in dairy and beef cattle. a-e Nested models without a common superscript are significantly different (P < 0.05).
1 σ 2 gAll_SNP = genetic variance explained by the GRM constructed by all SNP; σ 2 gSig_SNP = genetic variance explained by the GRM constructed by SNP significantly associated with RFI in beef cattle; σ 2 polygenic = polygenic variance; σ 2 e = residual variance. 2 a = pedigree relationship matrix; g 1All_SNP = GRM constructed by all SNP; g 3Sig_SNP (P < 0.01) and g 3Sig_SNP (P < 0.001) = GRM constructed by significant SNP with P-value less than 0.01 and 0.001, respectively.
predict breeding values, the accuracies of individual EBVpolygenic term in the model) and the theoretical accuracy is calculated correctly.
The GBLUP method of calculating GEBV is optimal if the genetic architecture of the trait is nearly infinitesimal, so that all SNP effects are drawn from the same normal distribution. In reality it is likely that some SNP have bigger effects than predicted under this infinitesimal model. Bayesian methods, which allow a distribution of SNP effects with some larger effects, generate GEBV with higher accuracy than GBLUP for some traits (Bolormaa et al., 2013) . We have generated a GRM for Holsteins that gives additional weight to SNP that are significant in a GWAS for RFI using the beef cattle data. Using this GRM within the Holstein data increased the accuracy of GEBV from 0.33 to 0.39. This shows that QTL for RFI exist in the same chromosomal regions in beef cattle and in Holsteins. This conclusion is supported by the comparison of significant SNP and significant chromosome segments in Holsteins and beef cattle. Slightly more than half the SNP that are significant in both Holsteins and beef cattle have an effect in the same direction in both datasets. Therefore, one might expect that estimating the SNP effects from across all breeds would be beneficial and indeed when we estimated the effect across breed while still using the new GRM, the accuracy increased to 0.43.
Conclusions
The best model for analyzing data from multiple breeds included the overall effect of each SNP and SNP effects within breed (SNP × breed interactions). Keeping the polygenic effects in the model can account for the effects of QTL captured by the pedigree relationship matrix that are not accounted for by the GRM. Using this model, the theoretical accuracy of GEBV obtained from the GBLUP equations agrees with the empirical accuracy obtained by cross-validation. However, the gain in accuracy from the multibreed analysis over the analysis within each breed was small due to the existence of SNP × breed interactions and due to the low and small variation in relationships between animals of different breeds. The accuracy of GEBV could be increased by using the multibreed analysis and by giving increased weight in the GRM to SNP that were significantly associated with RFI in other breeds.
APPENDIx I
The assumption is that the prediction accuracy for pseudo-animal should be 0 because the records of other animals cannot add any information for predicting genomic EBV in pseudo-animals.
In Consider a multibreed dataset with relationships expressed to a common base V(g) = G but now most G ij within a breed are greater than 0 because all animals within the breed are related relative to a common cross-breed base.
An equivalent model is
in which J = matrix of 1's and G = mean off-diagonal value of G. Now consider an animal i within the same breed but unrelated to all other animals, that is, (G -J G ) ij = 0 for all j.
There is no data on which to estimate d i so PEV(d i ) = V(d).
V(d) is the within-breed variance and i is defined here as pseudo-animal.
